Detection of pests and diseases in vegetable crops using hyperspectral sensing: a comparison of reflectance data for different sets of symptoms by Apan, Armando et al.
Apan, A., Datt, B., and Kelly, R. Detection of Pests and Diseases in Vegetable Crops Using Hyperspectral Sensing: A Comparison of 
Reflectance Data for Different Sets of Symptoms. Proceedings of SSC 2005 Spatial Intelligence, Innovation and Praxis: The national biennial 
Conference of the Spatial Sciences Institute, September 2005. Melbourne: Spatial Sciences Institute. ISBN 0-9581366-2-9 
DETECTION OF PESTS AND DISEASES IN VEGETABLE CROPS 
USING HYPERSPECTRAL SENSING: A COMPARISON OF 
REFLECTANCE DATA FOR DIFFERENT SETS OF SYMPTOMS 
A. Apan1, B. Datt2, and R. Kelly3 
 
1 Geospatial Information and Remote Sensing Group, Faculty of Engineering and Surveying, 
University of Southern Queensland, Toowoomba 4350 QLD Australia, Phone: +61 7 4631-1386, 
Fax: +61 7 4631-2526 
2 CSIRO Exploration and Mining, PO Box 136, North Ryde, NSW 1670, Phone: + 61 2 9490-8884, 
Fax: +61 2 9490-8960 
3 Plant Science, Queensland Department of Primary Industries and Fisheries, Toowoomba 4350 
QLD Australia, Phone: + 61 7 4688-1524, Fax: +61 7 4688-1809 
apana@usq.edu.au 
 
KEYWORDS: hyperspectral sensing, pests and diseases, vegetables, PLS regression 
 
ABSTRACT 
 
The aim of the study was to examine the potential of hyperspectral sensing to detect the incidence of pests and diseases 
in vegetable crops. The specific objectives were: a) to test if symptoms of pests and diseases of vegetable crops can be 
detected by hyperspectral sensing, b) to determine the best spectral bands relevant to pest and disease detection, and c) 
to compare the spectral responses obtained from the symptoms of two different pest and disease. Using a handheld 
spectrometer, sample measurements of diseased/infested and healthy leaves were collected separately from tomato and 
eggplant crops. The tomato crops were affected by a fungal “early blight” disease (Alternaria solani), with symptoms 
characterised by a yellowing or chlorosis of leaves. Conversely, the eggplants exhibited skeletal interveinal damage 
(“holes”) on leaves, caused by the 28-spotted ladybird (Epilachna vigintioctopunctata). To overcome the problems of 
using traditional regression techniques, the Partial Least Squares (PLS) regression technique was used. 
 
The cross-validated results showed that the incidence of disease on tomato and pest on eggplant could be predicted with 
82% accuracy. Different sets of symptoms (i.e. chlorosis vs. loss of leaf area) provided different sets of optimum 
number of principal components and significant predictor variables. The most significant spectral bands for the tomato 
disease prediction corresponded to the reflectance red-edge (690nm-720nm), as well as the visible region (400nm-
700nm), and part of near-infrared wavelengths (735nm-1142nm). For the eggplant, the near-infrared region (particularly 
the bands 732nm-829nm) was identified by the regression model to be as equally significant as the red-edge (694nm-
716nm) in the prediction. However, the inclusion of the shortwave infrared bands (1590nm-1766nm) as significant 
variables in the eggplant regression model has indicated the contributing role of other factors. Results such as these 
confirmed the utility of hyperspectral data to diagnose pests and diseases of vegetables that can improve detection speed 
and provide opportunity for non-destructive sampling. 
 
BIOGRAPHY OF PRESENTER 
 
Armando A. Apan received the BSc degree in forestry from the University of the Philippines, the MSc degree in natural 
resource management from the Asian Institute of Technology, Thailand, and the PhD degree in Geography from 
Monash University, Melbourne, Australia. He is currently a Senior Lecturer with the Faculty of Engineering and 
Surveying, University of Southern Queensland, Toowoomba. His current research area focuses on the use of 
hyperspectral remote sensing, field spectroscopy, and GIS for mapping and monitoring agricultural crops and forest 
vegetation. 
 
 
10
 INTRODUCTION 
 
Pests and diseases cause serious economic losses in yield and quality of cultivated plants [Tatchell, 1989; Walker, 1983; 
MacLeod, et al, 2004]. Thus, the detection and assessment of their symptoms is essential in commercial agriculture. 
Traditionally, disease and pest damage assessment in plant populations is being done by visual approach, i.e. relying 
upon the human eye and brain to assess the incidence of disease or pest in crops. However, the problem with the 
traditional approaches is that they are often time-consuming and labour intensive [Lucas, 1998, p. 54]. Therefore, there 
is a need to develop different approaches that can enhance or supplement traditional techniques. 
 
Remote sensing has been used in agriculture for many decades [see, for example, the review of Moran, et al., 1997]. 
One of its earliest applications was on crop disease assessment. Reflectance data was found to be capable of detecting 
changes in the biophysical properties of plant leaf and canopy associated with pathogens and insect pests. Additionally, 
remote sensing may provide a better means to objectively quantify disease stress than visual assessment methods, and it 
can be used to repeatedly collect sample measurements non-destructively and non-invasively. 
 
Hyperspectral sensing, a technique that utilises sensors operating in hundreds of narrow contiguous spectral bands, 
offers potential to improve the assessment of crop diseases and pests. While its application to pest and disease detection 
is not new, however, the comparative assessment of two different sets of symptoms brought by a pathogen and an insect 
has rarely been conducted. Therefore, the aim of the study was to comparatively examine the level and nature of 
detection of two different sets of symptoms of pests and diseases in vegetable crops using hyperspectral sensing. The 
specific objectives were: a) to test if the two symptoms of pests and diseases of vegetable crops can be adequately 
detected by hyperspectral sensing, b) to determine the best spectral bands relevant to pest and disease detection, and c) 
to compare the spectral responses obtained from the symptoms of two different pest and disease. 
 
 
REMOTE SENSING OF PESTS AND DISEASES IN CROPS 
 
Studies on the use of remote sensing for crop disease assessment started long time ago. For example, in the late 1920s, 
aerial photography was used in detecting cotton root rot [Taubenhaus et. al., 1929]. The use of infrared photographs was 
first reported in determining the prevalence of certain cereal crop diseases [Colwell, 1956]. In the early 1980s, Toler, et 
al., [1981] used aerial colour infrared photography to detect root rot of cotton and wheat stem rust. In these studies, 
airborne cameras were used to record the reflected electromagnetic energy on analogue films covering broad spectral 
bands. Since then, remote sensing technology has changed significantly. Satellite based imaging sensors, equipped with 
improved spatial, spectral and radiometric resolutions, offer enhanced capabilities over those of previous systems. 
 
Pathogens and pests can induce physiological stresses and physical changes in plants, such as chlorosis or yellowing 
(reduction in plant pigment), necrosis (damage on cells), abnormal growth, wilting, stunting, leaf curling, etc. [Nutter 
and Gaunt, 1996]. Incidentally, these changes can alter the reflectance properties of plants. In the visible portion of the 
electromagnetic spectrum (approx. 400nm to 700nm), the reflectance of green healthy vegetation is relatively low due 
to strong absorption by pigments (e.g. chlorophyll) in plant leaves. If there is a reduction in pigments due to pests or 
diseases, the reflectance in this spectral region will increase. Vigier et al. [2004] found that reflectance in the red 
wavelengths (e.g. 675–685nm) contributed the most in the detection of sclerotinia stem rot infection in soybeans. 
 
At about 700nm to 1300nm (i.e. the near-infrared portion (NIR)), the reflection of healthy vegetation is significantly 
high. With a disease or pest that damaged the leaves (e.g. cell collapse), the overall reflectance in the NIR region is 
expected to be lower. Ausmus and Hilty [1972], in their study of maize dwarf mosaic virus, concluded that the NIR 
wavelengths were useful in reflectance studies of crop disease.  On stress in tomatoes induced by late blight disease, it 
was found that the near-infrared region, was much more valuable than the visible range to detect disease [Zhang, et al., 
2003]. In a different spectral region of the shortwave infrared (SWIR) range (1300nm to 2500µm), the spectral 
properties of vegetation are dominated by water absorption bands. Less water on leaves and canopies will increase 
reflectance in this region. Apan et al. [2005] noted the key role of the SWIR narrowbands in the spectral discrimination 
of healthy and diseased (orange rust) sugarcane crops.  
 
Hyperspectral remote sensing increases our ability to accurately map vegetation attributes [see review of Kumar, et al., 
2001]. Images acquired simultaneously in narrow spectral bands may allow the capture of specific plant attributes (e.g. 
foliar biochemical contents) previously not viable with broadband sensors. Although the broadband multispectral 
sensors may be helpful in discriminating diseased and healthy crops, the best results for identifying diseases were 
obtained with hyperspectral information [Moran, et al., 1997]. Thus, there are indications that the use of hyperspectral 
sensing can be valuable to disease/pest detection and crop damage assessment. Our present study aspired to contribute 
to the body of knowledge of how spectral data can be utilised to enhance crop disease and pest assessment. 
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 RESEARCH METHODS 
 
Study Area, Crop Attributes and Data Acquisition 
 
The study area is located near Toowoomba, Queensland, Australia. With sub-tropical climate, the site is part of a small-
scale (approx. 0.25 ha) organic, pesticide-free garden of various vegetable crops. The tomato crops were affected by a 
fungal “early blight” disease (Alternaria solani), with symptoms characterised by a yellowing senescence (chlorosis) 
and drying-off of the affected leaves (Table 1 and Figure 1). Conversely, the eggplants exhibited skeletal interveinal 
damage on mostly older leaves that created irregularly shaped “holes”. These symptoms were characteristic of leaf 
damage caused by the 28-spotted ladybird (Epilachna vigintioctopunctata). 
 
Table 1. Vegetable crops and pest and diseases in the study 
Vegetable Crop Disease/Pest Symptoms 
(Visual) 
eggplant (Solanum melongena) fungal “early blight” disease (Alternaria 
solani) 
yellowing senescence (chlorosis) and drying-off 
of affected leaves 
tomato (Lycopersicon esculentum) 28-spotted ladybird (Epilachna 
vigintioctopunctata) 
skeletal interveinal damage on leaves; 
irregularly shaped “holes” on the leaves  
 
 
  
Figure 1. From left: (a) tomato plant with fungal “early blight” disease and (b) eggplant with a pest “28-spotted ladybird” (encircled) 
 
Using a handheld ASD FieldSpec Pro FR spectrometer [Analytical Spectral Devices, 2002] operating in the 350nm to 
2500nm range, sample measurements of diseased/infested and non-diseased/non-infested leaves were collected 
separately from the tomato and eggplant crops. Following the sampling procedures and considerations provided in the 
User’s Guide, each sample corresponded to a field of view of about 1.5 cm diameter, collected between 1030 to 1200 hr 
on 10th February 2005. While there was no ordinal measurement scale used to categorise disease severity, the 
“diseased” or “insect-infested” samples were taken from leaves where symptoms are visually obvious. 
 
 
Data Pre-processing and Analysis 
 
Graphical plots of the spectra were examined to check for potential erroneous samples, as well as to initially explore the 
nature and magnitude of the differences between sample measurements. “Noisy” bands (covering the spectral ranges 
325-399nm, 1356 – 1480 nm, 1791 – 2021 nm and greater than 2396 nm) were removed and thus excluded from the 
analysis. 
 
To assess the predictive power of the relationship between disease incidence and reflectance data, a Partial Least 
Squares (PLS) Regression using Unscrambler 9.1 [CAMO, 2004] software was implemented. PLS regression is a 
bilinear modelling method for relating the variations in one or several response variables (Y-variables) to the variations 
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 of several predictors (X-variables), with explanatory or predictive purposes [Esbensen, 2002]. Unlike the classical 
multiple regression technique, PLS performs particularly well when the various X-variables have high correlation 
(which is often the case for hyperspectral data). Information in the original X-data is projected onto a small number of 
underlying (“latent”) variables called PLS components. 
 
Aside from the raw reflectance data, its first derivative was also calculated and analysed using the full the cross-
validation (leave-one-out) technique. The root mean error of prediction (RMSEP) was calculated, which gave the 
measurement of the average difference between predicted and measured response values. It can be interpreted as the 
average prediction error, expressed in the same unit as the original response value [CAMO, 2004]. The RMSEP values 
between datasets can be compared to determine which PLS regression model is better than others. 
 
 
RESULTS AND DISCUSSION 
 
The mean reflectance values of diseased samples in tomato showed good spectral separability over the healthy ones 
(Figure 2). In the visible green and red region, the absolute mean difference values were highest from 545nm to 700nm 
wavelengths (Figure 3). Selected portion of the NIR region (730nm-800nm) also showed good separation for the 
diseased and healthy samples. However, it was the red-edge sub-region (690-720nm) that displayed the highest absolute 
difference for all the spectral regions (Figure 3), indicating its importance in discriminating diseased and non-diseased 
samples. Since chlorosis is the dominant symptom of the diseased leaves in tomato, red-edge’s sensitivity to loss of 
chlorophyll was demonstrated here. This agreed with previous studies that found the red-edge region as a good 
estimator of chlorophyll-related stress [e.g. Curran, et al. 1995]. 
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Figure 2. Mean and standard deviation (stdev) values of spectra for all tomato samples (n= 33) 
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Figure 3. Absolute difference of mean diseased and non-diseased values (tomato) 
 
For the eggplant, the mean reflectance values of infested and non-infested samples also showed good spectral 
separability (Figure 4). The difference in the red-edge sub-region was also high. However, unlike the tomato crop, the 
eggplant’s mean difference values were highest in the near-infrared region, i.e. from 720nm to 1300nm. Furthermore, 
there is a relatively big difference in the mean reflectance values in the shortwave infra-red (SWIR) region, particularly 
at the range 1590nm-1766nm (peak at 1660nm) (Figure 5). The significance of the near-infrared wavelengths in this 
case concurred with the knowledge that the NIR region decreases when there is a loss of leaf area, foliage density, and 
other changes in canopy characteristics [e.g. Kollenkark et al., 1982; Gausman, 1974].  For the SWIR region, the lower 
reflectance of infested samples did not necessarily indicate that there is more water on these leaves than the healthy 
ones. This lower reflectance may be due to the contributing reflectance of black moist soil under the plant canopy, 
shadow, and other plant components. The “holes” on the leaves may have allowed the capture of reflectance from these 
materials. 
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Figure 4. Mean and standard deviation (stdev) values of spectra for all eggplant samples (n=31) 
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Figure 5. Absolute difference of mean infested and non-infested values (eggplant) 
 
The PLS regression results showed that it is possible to predict the incidence of pest and disease on vegetable crops 
using hyperspectral data. There is a high correlation (r=0.90 to 0.98) between predicted and measured values for the 
calibrated and validated samples (Table 2). The root mean square error of calibration (RMSEC) and prediction 
(RMSEP) were relatively low (from 18-21%), indicative of the good prediction accuracy of the regression models. For 
both crops, the first derivative of the spectra provided a slight increase in the prediction accuracy compared with the 
raw spectra, i.e. from 79% to 82%. 
 
For the tomato, the optimal number of PLS factors (components) was minimal (i.e. two for the raw spectra and one for 
the first derivative data), but was able to explain the Y-variance fairly sufficiently (i.e. from 82.5% to 86.9%). The score 
plot in Figure 6a has also indicated that there is a good separation with the disease (“YES”) and without disease (“NO”) 
samples in the first two principal components. This is desirable — ideally, one would like to have simple models, where 
the total explained variance goes to 100% with as few components as possible. In contrast, the eggplant model needed 
three to four components to attain similar percentage of Y-variance (Table 2). It may mean that there is a set, or other 
sets, of structured information inherent in the data. In the score plot (Figure 7a), the separation or “clustering” of the 
eggplant data in the first two components is not as good as in the tomato samples. The third and fourth components are 
needed for the eggplant data. 
 
Table 2. PLS Regression Results of Vegetable Pest and Disease and Reflectance Values 
Calibration 
 
Cross-Validation 
(leave-one-out) 
Data Optimal no. 
of PLS 
factors R* RMSEC** 
value 
 
R* RMSEP*** 
value 
 
Prediction 
Accuracy % 
% of Y 
Variance 
Explained 
TOMATO (n=33)        
1. Raw spectra 2 0.92 0.19 0.90 0.21 79 82.5 
2. First derivative 1 0.94 0.17 0.93 0.18 82 86.9 
EGGPLANT (n=31)        
1. Raw spectra 4 0.95 0.16 0.90 0.20 80 83.5 
2. First derivative 3 0.98 0.09 0.93 0.18 82 87.1 
*R – Correlation is between predicted and measured values     ** RMSEC – root mean square error of calibration     *** RMSEP – root mean 
square error of prediction 
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Figure 6. (a) Score plot of tomato reflectance samples with disease (“YES”) and without disease (“NO”), in the first two principal 
components, (b) regression coefficients for the cross-calibrated prediction model involving disease and raw reflectance data. The higher 
the value of a coefficient, the more significant it is in the prediction model. 
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Figure 7. (a) Score plot of eggplant reflectance samples with pest (“YES”) and without pest (“NO”), in the first two principal components, 
(b) regression coefficients for the cross-calibrated prediction model involving disease and raw reflectance data. The higher the value of a 
coefficient, the more significant it is in the prediction model. 
 
Based on the regression coefficient plots (Figure 6b) and by the results of Martens’ Uncertainty Test, the most 
significant spectral bands for the tomato disease prediction corresponded to the reflectance red-edge (690nm-720nm), as 
well as the visible region (400nm-700nm) and part of near-infrared wavelengths (735nm-1142nm). This is consistent 
with the results presented earlier using the plots and charts. For the eggplant, the near-infrared region (particularly the 
bands 732nm-829nm) was identified by the regression model to be as equally significant as the red-edge (694nm-
716nm) (Figure 7b). However, the inclusion of the shortwave infrared bands (1590nm-1766nm) as significant variables 
has indicated the contributing role of other factors. As previously hypothesised, the “holes” on the leaves may have 
allowed the capture of reflectance from soil, shadow and other plant materials. 
 
The above findings highlighted the need to establish which spectral bands or regions to use in the detection of a 
particular disease or pest. For instance, the VIS-NIR spectral regions (rather than the full spectral range) seemed 
sufficient to detect chlorotic and necrotic leaves. On the other hand, if the pest or disease symptoms are related to water 
loss or wilting, then the SWIR region could be indispensable. This consideration is important in the choice of sensors, 
particularly hand-held spectroradiometer, where there is a great difference in the purchase cost (e.g. up to $100,000) 
between the full range and VIS-NIR-only systems. Therefore, it is important to understand the nature of the disease or 
pest and the resulting physiological and/or physical changes on the crop. These changes should be targeted in the 
deployment of appropriate sensor system. Moreover, knowledge of this disease-pest-spectral matching will aid the 
development of suitable spectral vegetation indices [see, for example, Apan et al., 2004]. 
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 CONCLUSIONS 
 
This study demonstrated that it is feasible to detect the effects of insect pest and disease in vegetable crops using 
hyperspectral measurements.  Different sets of pest and disease symptoms provided different sets of diagnostic spectral 
regions. The most significant spectral bands for the tomato disease prediction corresponded to the reflectance red-edge, 
as well as the visible region and part of near-infrared wavelengths. For the eggplant’s insect infestation, the near-
infrared region was identified by the regression model to be as equally significant as the red-edge in the prediction. 
However, the inclusion of the shortwave infrared bands as significant variables has indicated the effect of other 
contributing factors. 
 
It was recognised in this project that the use of a portable field spectrometer can provide a means for rapid observation 
and digital recording of hundreds of plant samples in a few hours of scouting through the fields. Combined with Global 
Positioning Systems (GPS) location data collected simultaneously, field level maps can be created by spatial 
interpolation among the sampling points. By creating spectral libraries of specific crops comprising a wide range of 
healthy and diseased crop spectra, such site-specific crop data can be used routinely with various spectral-matching type 
algorithms for automated detection of disease spots. More work is being done to test other analytical techniques (e.g. 
SIMCA) to substantiate the results obtained in this study, as well as to analyse the data collected from other vegetable 
crops with disease severity ratings. 
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